Abstract & Context Regular mortality (or self-thinning) is an integral part of woody plant dynamics, and the mortality model is one of the most important transition functions within dynamic growth models. & Aims The main objectives of the present study were to derive one-step stand-level mortality models for estimating the reduction in stand density with stand dominant height growth and to examine the applicability of the models in predicting regular mortality trends in even-aged natural stands and plantations. & Methods Four model formulations based on graphical examination of the main trends in the data and on defined desired properties of the selected mathematical functions were proposed and tested in algebraic difference equation form with two datasets from pine plantations and two datasets from natural broadleaved even-aged stands. & Results The mortality patterns of three of the datasets were characterized by reverse sigmoid curves, while the forth dataset exhibited a reverse J-shaped trajectory. The models analyzed adequately represented the density decrease trends of the data through sets of polymorphic curves with multiple asymptotes. & Conclusion The dominant height-dependent mortality equations provide a simple and reliable approach to modeling the regular density decrease trends and can be considered for incorporation as a submodel within the framework of a dynamic Stand Density Management Diagram.
Introduction
Competition-induced tree mortality is an important process in forest growth and yield, and it has been recognized as being difficult to model. Hawkes (2000) stated that mortality should be an integral part of any model of woody plant dynamics, while Álvarez-González et al. (2004 Álvarez-González et al. ( , 2010 pointed out that the mortality model is one of the most important transition functions within the system of dynamic growth and yield models. Although numerous classifications of the approaches used to model regular (competition-induced) mortality have been proposed, here we consider categorization according to the modeling scale, i.e., individual-tree and stand-level mortality models. Survival of a tree is described by only two values (representing dead and live trees), and the mortality (or survival) probability is therefore modeled by a probabilistic approach involving cumulative distribution functions bounded between 0 and 1. The logistic probability function is most widely used for this purpose (Palahí et al. 2003; Adame et al. 2010; CrecenteCampo et al. 2010) , and different explanatory variables related to tree and stand growth, size, and vitality are used to predict the probability of tree death or survival (Eid and Øyen 2003; Collet and Moguedec 2007) . Stand-level mortality models, on the other hand, express the rate of decrease in tree number per unit area and obtain the form of a functional relationship of tree number on the stand age, which is fitted by a mortality rate approach involving dynamic difference equation forms (Clutter et al. 1983 ). In addition to stand age, stand-level mortality functions can also include other explanatory variables such as site index (Álvarez-González et al. 2004; Diéguez-Aranda et al. 2005b ) and some competition intensity measures, such as relative density index (Newton 2012a, b) . The probabilistic approach can also be applied at the stand level, leading to classification of the stands into two categories: stands that have been subject to regular mortality for a certain period of time and stands that have not been subject to regular mortality. However, this approach is only considered in the first step in two-step (Woollons 1998; Eid and Øyen 2003; Álvarez-González et al. 2004; Diéguez-Aranda et al. 2005b ) and three-step (Fridman and Ståhl 2001; García-Gonzalo et al. 2011 ) stand-level mortality models, which combine the probabilistic and the mortality rate approaches. The mortality rate approach is applied in the subsequent steps of these composite models, but only to the data from the stands where mortality occurred. Such complex multistage models have been developed to account for the high degree of variability at stand level and to overcome some difficulties related to fitting one-step mortality rate models: inclusion of the non self-thinned plots in the dataset is likely to cause convergence problems (Woollons 1998) , whereas their omission might overestimate mortality rates (Álvarez-González et al. 2004; Eid and Øyen 2003) . However, regardless of the degree of complexity, stand rate mortality models must possess several essential logical properties (Clutter et al. 1983 ): consistency, path invariance, and asymptotic zero limit of stocking density when time tends to infinity.
Stand Density Management Diagrams (SDMDs) are a type of a stand-level model primarily used to derive density control schedules by management objective and can be subdivided into (1) static SDMDs, which lack a temporal density decrease submodel and (2) dynamic SDMDs, which include submodel for density decrease in time (Newton 2009 ). Another specific aspect of this type of model is that it is usually presented in a graphical (diagrammatic) form, which is built in metrics and allows direct estimation of main stand-level variables (dominant height, quadratic mean diameter, number of trees and total stand volume per unit area, and stocking rate), if two of them are known or obtained in a field survey. The time dimension, which in its classical form is represented by stand age, is not expressed directly, but enters the diagram via the dominant height isolines, and can be estimated through established site-specific height-age curves. This explains why the density decrease submodel included in dynamic SDMDs usually requires supplementary information about stand age and/or site index (Castedo-Dorado et al. 2009; Newton 2012a, b) , which is not directly obtainable from the diagram. Another approach in modeling the dynamic component of the SDMD is to express directly volume or biomass growth in time as a function of the decrease in density (Shibuya 1995; Hagihara 1998; Stankova and Shibuya 2007) in a set of natural thinning trajectories, thus bypassing the submodel of density decrease with time. Woodall et al. (2005) indicate that knowledge of the age of a tree is not necessary for implementation of survival analyses and that any measurement unit that indicates changes in an individual's status between remeasurements may replace the traditional survival analysis variables of age and time. They considered breast-height diameter in their study, whereas Rennolls and Peace (1986) tested the top height in a mortality rate model that they themselves proposed (sensu Rennolls and Peace 1986) .
In view of these notions about the variables that should be included in a mortality model, and considering direct incorporation of the density decrease submodel into the framework of the graphical SDMD, there is a need for mortality models based on a stand growth variable other than age. Therefore, the main objectives of the present investigation were as follows: (1) to derive stand-level mortality rate models to estimate the decrease in stand density with stand dominant height growth and (2) to examine the models in algebraic difference equation form with data from even-aged coniferous and broadleaved natural stands and plantations.
Materials and methods

Datasets
We used four datasets-two from coniferous plantations and two from natural even-aged broadleaved stands-to fit the proposed mortality models. Three of the datasets comprised measurements from permanent sample plots in radiata pine plantations (Pinus radiata D. Don.), natural stands of English oak (Quercus robur L.) and downy birch (Betula pubescens Ehrh.) located throughout Galicia (northwest Spain), and the fourth dataset was generated from measurements taken in Scots pine (Pinus sylvestris L.) plantations in Bulgaria. The plot size varied depending on stand density, so that each plot included a minimum of 30 trees and the plots were subjectively selected in order to cover the existing range of sites, densities, and growth stages of these stand types. Only plots that had not been thinned, or had been subjected to light thinning from below were included in the datasets. We used repeated measurements of stand density (expressed as number of trees per hectare) and dominant stand height (in meters) for model parameterization (Table 1) .
The plots in radiata pine plantations, which were established below 900 m above sea level (asl), ranged from 625 to 1,200 m 2 in size and were measured two or three times, at 1-to 6-year intervals, between 1995 and 2005. The birch stand data were obtained from 52 permanent sample plots of size 200-1,000 m 2 , in the altitudinal range 277-1,370 m asl, and the plots were measured twice, at 7-to 10-year intervals, in the period 1997-2008. The third dataset was generated from 57 plots, of size 225-1,350 m 2 , established in oak stands at altitudes between 338 and 845 m asl; the plots were measured two or three times, at 3-to 9-year intervals, between 1999 and 2009. Total tree height of a sample including the dominant trees (the proportion of the 100 largest-diameter trees per hectare, depending on plot size) was measured to determine the dominant stand height. The data records for Scots pine plantations were taken in permanent sample plots of size 150-2,000 m 2 , which were located at altitudes of between 450 and 1,600 m asl and have been measured two to four times since the 1970s. These data were obtained from plots, which were used to develop growth and yield tables for Scots pine plantations (Krastanov et al. 1980 ) and were remeasured once at 2-year intervals, from remeasured twice experimental plots in Scots pine plantations against erosion (Marinov 2008) , and from monumented plots established for inventory purposes and measured two to four times at 9-12 year intervals. We estimated the dominant height for the plots in this dataset from the experimental mean plot height, using the relationship established by Stankova et al. (2006) .
Derivation of the models
The stand density decrease process is known to involve three main phases (Rennolls and Peace 1986; Shibuya 1995) . The early phase, prior to the onset of the competition-induced mortality, is characterized by little or no reduction in tree number because the plants are small (relative to the available growth space), do not experience lack of life-supporting resources and do not compete for resources. In the second phase, the onset of which depends significantly on stand density, the trees undergo severe competition for light and nutrients, and the mortality rate is high. Intensive self-thinning slows down as growth decreases with advancing age, which leads to establishment of an equilibrium between the plant needs and resource availability (third phase). This understanding of the pattern of stand density decrease suggests a reverse sigmoid to reverse J-shaped trajectory of the tree number as a function of the growth stage; such trends in density reduction were distinguished in all datasets examined (e.g., as later shown in Fig. 2 ). Trends in the modeled variable, which are inversely proportional to the time, can be described in different ways.
One simple approach is through a power function of negative exponent:
where N is stand density (trees per hectare), H is dominant stand height (in meters), and c 0 and b 1 are positive model parameters. Parameter c 0 can be viewed as an asymptotic value of stand density at the initial growth stage, designated by stand height H=1 m and can be considered a stand and site specific parameter.
Another way to describe diminishing with the time number of trees per unit area is through an inverse relationship. Such a relationship can be obtained by modifying the power function of M1 given in the form:
We propose to assign a specific constant value to the exponent of H, e.g., b 1 =2, while including a free term in the denominator of Eq. 1 to allow for model flexibility. The second density decrease model examined is formulated as follows:
Unlike M1, model M2 has an inflection point and asymptotic value for the initial growth stage (H=1 m) equal to 1/(c 0 +b 1 ).
The time trajectory of tree number per unit area can also be accurately described by an exponential decrease function, such as the mortality model proposed by Hagihara (2000) , which is defined in terms of biological time t:
where μ is a mortality rate parameter and α corresponds to the integration constant and presents the asymptotic value of the initial stand density. Under the assumption of a proportional mortality rate constant across all ages, site indices and stand densities (Clutter et al. 1983) , parameter μ should be viewed as a global model parameter, but this is rather a simplification. Furthermore, providing that the natural thinning process begins earlier in highly stocked stands and that the stand density approaches an asymptotic nil value as time tends to infinity, regardless of the different tree numbers at the time of stand establishment, a steeper slope of the density decrease trajectory is inferred with the increase in initial density, i.e., μ~α. Consequently, Eq. 2 can be reformulated in the following manner:
where c 0 =lnα, μ=b 1 lnα=b 1 c 0 , c 0 is a stand-specific parameter (c 0 >1 given the logical expectation for α>e) and b 1 is a global model parameter (0<b 1 <1). The term 1−b 1 t of Eq. 3, which obtains positive values below 1, assures that stand density decreases with the progress of time and approaches asymptotic zero limit as time tends to infinity, while the asymptotic initial density for the time of stand establishment obtains value of expc 0 . The same logical properties of the density decrease model are provided, if this term is substituted by a reciprocal relationship, e.g., 1/(b 1 +t), b 1 >0. Indeed, diminishing with the time pattern of stand density is guaranteed, asymptotic value of N=1 (which is virtually equivalent to the nil asymptotic value) is approached when time becomes infinitely large, and asymptotic initial density equal to exp(c 0 /b 1 ) is estimated for the time of stand establishment. The biological time t is defined as an integrated value of the coefficient of growth l(t) with respect to physical time t (sensu Hagihara 2000), which implicitly derives its adequate substitution by the dominant stand height H. With this reasoning, the next density decrease model is derived as:
The trend of decreasing density with increasing height growth can be strengthened by raising the dominant stand height to a power, as follows:
The four mortality models proposed and tested are shown in Table 2 in their integral and algebraic difference equation forms.
Estimation method and goodness of fit statistics
We fitted mortality models M1-M4 in algebraic difference equation form, using a similar method to the Base-Age Invariant (BAI) dummy variable approach proposed by Cieszewski et al. (2000) . The BAI methods consider that the response variable in the self-referencing equations plays an important role in estimating the site-specific parameters and that the data always contain measurement and environmental errors (both on the left and right hand sides of the model) that must be modeled explicitly (Cieszewski 2003) . These methods exhibit invariance property of the parameter estimates by fitting the curve to the observed trend in the data instead of forcing the model through any given measurement, thus circumventing complications due to the different data structures. The BAI methods are proposed and developed to fit the site index models where dominant height is the dependent variable and stand age the independent variable (Cieszewski et al. 2000; Cieszewski 2003; Diéguez-Aranda et al. 2005a ). The BAI dummy variable approach was adapted here for a model formulation in which stand height is the independent variable and stand density (number of trees) is the dependent variable; the approach is therefore a "Base-Height Invariant" (BHI) method.
Implementation of this method requires fitting the difference equations N 2 =f (N 1 , H 1 , H 2 ; Table 2 , column 3) in the form:
where p i are dummy variables of value 1 for plot i and 0 otherwise, H b is base dominant height (corresponding to the base age in the original method) assigned to each plot and arbitrarily chosen from among the available dominant stand height values for the plot, and Z i is the plot value of density (trees per hectare) corresponding to H b . In the BHI dummy variable method, measurements of the modeled variable, which in the base height-specific methods are strict predictors of the dependent variable, provide only initial values for fast convergence and are fitted as plot-specific parameters; they are therefore allowed to vary along with the predicted variables. The important outcomes of this fit are not the particular plot (or stand) specific parameter estimates, but the estimates of the global model parameters (e.g., b 1 ), which are invariant, irrespective of the chosen base dominant heights, as ensured by the BHI method. The assumption of independent errors is very likely to be violated in estimating regression equations with data from repeated measurements of permanent sample plots. Furthermore, the combined time-series cross-sectional nature of the remeasurement data contributes to manifesting heterogeneous variances. In the presence of autocorrelated and/or heteroscedastic errors, ordinary least squares estimation still produces unbiased parameter estimates, but the error variances are inflated and might lead to erroneous conclusions about the significance of the regression model and its parameters. Tests for the presence of serial correlation might be inadequate, because forest stand data do not usually constitute a single series (e.g., the present study), but rather a multiplicity of concurrent, relatively short time series (sensu Gregoire 1987) . In the models examined in the present study, we used dominant height expressed as non-integer numbers, rather than the time variable (years), which further obscures development of continuous-time autoregressive error structure, as suggested in studies by Gregoire et al. (1995) and Diéguez-Aranda et al. (2005a) . Heteroscedasticity and autocorrelation consistent (HAC) estimation of covariance matrices has been proposed to deal with conditional heteroscedasticity and serial correlation of regression disturbances of unknown form (Andrews 1989) . Therefore, we applied HAC estimation of the standard errors, by using the generalized method of moments (GMM) with the Newey-West covariance matrix estimator (Andrews 1989) , to obtain an unbiased evaluation of the regressions and their parameters. We also examined the HAC estimation based on the quadratic spectral kernel, which is recommended as the optimal HAC estimator (Andrews 1989 ), but found that it produced almost identical results to those produced by the classical HAC estimator of Newey-West, based on the Bartlett kernel. Therefore, we finally used the classical HAC estimator.
Model comparison was preceded by examination of the adequacy of the biological properties of the fitted functions. Models that failed to comply with the requirement for logical behavior of the mortality curve (i.e., if H 2 >H 1 then N 2 <N 1 ) for any of the plots were excluded from further analysis. We selected the most appropriate model on the basis of the adjusted coefficient of determination (R 2 adj ), the root mean square error (RMSE), the absolute (Bias (abs.)) and the relative (Bias (relat.)) biases:
where N i and b N i are observed and predicted stand densities on the ith plot, n is the sample size, and k is the number of model parameters.
We further assessed the predictive abilities of the selected mortality models by considering the 95 % confidence (CI), prediction (PI), and tolerance (TI) error intervals and by examining plots of observed against predicted values:
where B is the bias (Bias (abs.) or Bias (relat.)), S is the standard deviation of the errors, t 0.975 is the 0.975 quantile of the t distribution with n−1 degrees of freedom, the function g(1−γ, n, 1−α) is the tolerance factor tabulated for specified values of n, α, and γ and provides that the estimated interval will contain at least (1−γ) 100 % of the future error distribution with probability (1−α). We checked the normality of the residuals distribution prior to the error intervals estimation by visual examination of the histogram and the quantile−quantile plot (Q-Q plot), and by evaluation of the skewness and kurtosis of the distribution.
Results
Model M2 failed the requirement for biologically logical behavior for some of the plots in radiata pine plantations, and it was therefore excluded from further comparisons (Table 3) . Model M4 performed better than the other tested models regarding the mortality trends in radiata pine plantations, birch, and oak stands (Table 3) , and it proved high goodness-of-fit in the regressions, as shown by the estimated R 2 adj values, RMSE, and biases (Table 3) , and as observed in the plots of observed against predicted values (Fig. 1a-c) . Moreover, 95 % of the future predictions would deviate, with a probability of 95 %, by less than 20 % from the true value for the birch, by less than 15 % for the oak, and by no more than 10 % for radiata pine (Table 4 ). Model M3, on the other hand, provided a good description of the mortality trends for the Scots pine plantations dataset, as indicated by the goodness-of-fit estimates (Table 3) . However, the error predictions for this species exhibited lower precision, with errors of up to 35 % for 95 % of the future predictions with 95 % probability (Table 4 , Fig. 1d ). Mean absolute and relative biases did not differ significantly from zero for any of the species or mortality models examined (Table 3 ). The simultaneous F test for slope equals one and zero intercept of the linear regressions of observed against predicted stand densities for the selected mortality models revealed that the regression parameters were not significantly different from the test values (Fig. 1) .
Discussion
Two of the four mortality models tested in this study (M2 and M4) have inflection points and predict reverse sigmoid pattern, while the other two describe a reverse Jshaped trend. The mortality patterns of three of the examined datasets were accurately described by reverse sigmoid curves predicted by model M4 (Fig. 2a-c) , but they were also closely estimated by the reverse J-shaped curve, modeled by M3 (Table 3) . Estimation of the mortality trend of the Scots pine plantations data by the reverse J-shaped model M3 was a logical outcome, considering the specific aspects of the modeled variable of these stands. Scots pine plantations in Bulgaria are characterized by a wide range of predominantly high stand densities, which implies a short initial growth phase followed by a steep gradient of the survival curve (Fig. 2d) . Sets of polymorphic curves with multiple asymptotes were generated to represent the mortality process for all stand types, which was achieved by specifying a site specific parameter (c 0 ) in the exponent.
Álvarez-González et al. (2004) generalized that most standlevel mortality rate models are derived from three differential equations that differ in the way they express the relative rate of change in the number of trees: proportional to power, hyperbolic, or exponential function of age. Previous studies on the density decrease pattern of the Scots pine plantations, downy birch and English oak natural stands from northwest Spain derived mortality rate functions based on the power-form differential equation (Diéguez-Aranda et al. 2005b; Gómez-García 2011) , while the mortality model developed for radiata pine plantations in the same region is based on the exponential form differential equation (Álvarez-González et al. 2004 ). In the present study, we also examined several formulations for each of the three instantaneous mortality rate models, by considering the dominant stand height, instead of age, as a predictor variable. The models derived from the hyperbolic form differential equation did not produce functional relationships of logical behavior, while the models based on the exponential form differential equation produced estimates for the base parameter less than 1, which violates a requirement for derivation of the integral equation form (Diéguez-Aranda et al. 2005b) . Models M1 and M2 developed in the present study are mortality rate functions based on the power form differential equation by considering specific constant values for the global model parameters:
Both models, particularly model M1, provided very good fits for the datasets examined, which confirmed the already a The absolute and relative biases for all regression models and tree species are not significantly different from zero manifested advantage of the functional forms of this type in modeling the density decrease pattern of the even-aged stands in the study region. Models M3 and M4 cannot be assigned to any of the three groups stand-level mortality rate models and represent a new and better alternative for describing the regular stand mortality. The relative errors of the English oak and both the relative and absolute errors of the Scots pine showed deviations from the normal distribution. Consequently, 10 % trimmed means and jackknife standard deviations were used for estimation of the error intervals in these cases (Rauscher 1986) *Significant at P<0.001.
Density decrease models for even-aged standsStand-level rate mortality models are generally criticized for being imprecise and of low predictive ability due to the high variability in the survival patterns among different stands of the same age and tree species. In a similar way to earlier mortality-rate models, which include the site index (in addition to age) as an explanatory variable (Álvarez-González et al. 2004; Diéguez-Aranda et al. 2005b) , we attempted to overcome the problem in two ways. The mortality rate models proposed here are functions of stand height, which is generally accepted as a spatial growth characteristic. However, the stand dominant height can also be viewed as a more complex indicator of the stand growth stage. Stand age, which is the growth stage variable most commonly applied, does not provide information about the site conditions that determine plant growth. Stand dominant height, on the other hand, as a characteristic of the growth stage reflects the interaction between age and site conditions, i.e., a given growth stage (dominant height) is reached at different ages, depending on the site conditions. Thus, the site quality, as a site specific factor, is intrinsically indirectly incorporated in mortality models based on the dominant stand height. These models, on the other hand, are fitted in algebraic difference equation form, which allows one of the equation parameters to vary between stands of the same type, i.e., it provides an additional dimension to capture the variability due to differing environmental and genetic factors.
The stand-level mortality models proposed here involve a one-step procedure for estimating the reduction in tree number at stand level. Combination with the probabilistic approach in two-and three-step modeling algorithms might be considered in the future, to better address the different time of onset of the self-thinning process. However, it should be pointed out that use of the one-step mortality rate model is the only approach that directly guarantees the path-invariance property of the mortality curve, and this is recommended as the best model for inclusion in a stand-level simulator (Diéguez-Aranda et al. 2005b) .
While dynamic SDMDs consider either a density-decrease model (Castedo-Dorado et al. 2009; Newton 2012a, b) or a size-density model (Shibuya et al. 1997; Stankova and Shibuya 2007) for stand growth projection, two-component systems composed of both density-decrease and size-density models have also been developed in dynamic growth modeling. These composite systems involve a two-step application procedure consisting of projecting the stand density to a future point in time through a dynamic mortality rate model and subsequently substituting the estimated value into a size-density relationship, which expresses the growth of some tree size variable (average tree diameter, biomass, or stem volume) as a function of stand density (Smith and Hann 1986; Puetmann et al. 1993; Cao et al. 2000) . Implementation of the density decrease models developed in the present study as submodels of such twocomponent growth systems within the framework of a dynamic SDMD is one of the ways envisaged for their application. Simplicity of the submodels of such composite systems is a desirable property that we have also pursued in deriving the mortality models. Similarly, simplified forms of the density decrease models, which include only one sitespecific parameter and omit the site index as a predictor variable, have been implemented for radiata pine plantations, downy birch and English oak natural stands within the frame of whole-stand dynamic models (Castedo-Dorado et al. 2007; Gómez-García 2011) . Turnblom and Burk (2000) speculated that the system of density-decrease and size-density models should be formulated in such a way that the mutual dependence of mean size and density must be considered in both equations. Cieszewski and Bella (1993) recognized the influence of stocking on stand height growth and developed a density dependent height growth model for lodgepole pine, which included (in addition to age) a crowding index, determined according to Czarnowski's stand dynamics theory, as a predictor. In line with the statement by Turnblom and Burk (2000) that growth and mortality are interrelated and bounded by the maximum density-mean size line, Czarnowski's stand dynamics theory defines a crowding index for fully stocked stands as the product of the squared dominant height and density that remains constant during the stand life (Cieszewski and Bella 1993) . The concept of the growth-density interdependence is accounted for in the net density change function included in the dynamic SDMD developed by Newton (2012a, b) . The model allows for bidirectional dependence by inclusion of two variables, the minimum asymptotic density at which density dependence initiates, and the relative density index, which are estimated through functions of the current mean stem volume and the maximum attainable (asymptotic) stand density, or the mean stem volume alone. The present research offers different view of the size-density interdependence. The stand dominant height, which was chosen instead of age to indicate the growth stage, is also a commonly used measure of the stand growth potential characterized by dominant height at a reference age (site index). Thus, the reduction in the tree number described by the dominant height-dependent mortality equations reflects not only the period of time from stand establishment, but also the potential of the trees to grow and compete according to the specific genetic and environmental factors.
One of the most important applications of SDMDs is to plan density-regulating thinning activities according to preferred management objectives. Regardless of the way in which the newly derived mortality models are applied (alone or within a dynamic whole-stand model) and regardless of the form of their inclusion within the SDMD framework (directly or as an element of a two-component system), they will be particularly useful for planning thinning activities according to the relative spacing index. The relative spacing (Hart-Becking) index, which is defined by the average distance between the trees, expressed as a proportion of dominant stand height, can be easily estimated from any projected pair of values of dominant stand height and number of trees, when the currently derived density decrease models are applied. Thus, the time of thinning and the between-thinning intervals can be designed according to prespecified values of the relative spacing index. In case of constructed limits for the relative spacing index, which yield maximum and minimum number of trees for any particular stand height, a range of thinning intensities can be defined, thus avoiding undesirable crowding and stand instability.
Conclusions
The dominant height-dependent mortality equations developed in the present study provide a simple and reliable approach to modeling the regular trends in density decrease for even-aged natural stands and plantations. The models can be considered for direct incorporation within the framework of a dynamic stand-level model (e.g., a dynamic SDMD) or as a submodel of two-component dynamic growth system composed of density-decrease and size-density relationships. In addition to projecting the tree number with the stand dominant height growth, they will be particularly useful for planning the time, frequency, and intensity of the thinning activities according to the relative spacing index.
